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Abstract 
The implementation of air filters on commercial swine farms has effectively reduced the frequency of 
airborne disease transmission. However, efficiently managing filter lifespan remains a challenge and an 
unknown operational cost for filtered swine facilities. Individual filter testing protocols are time 
consuming and expensive for producers. The objective of this study was to develop a predictive model for 
estimating airflow for an individual filter in situ by comparing multiple machine learning models to 
eliminate the need for manual, individual filter testing for filter resistance. The data set was generated 
from a custom Air Filter Environmental Testing Chamber that mimics on farm operational conditions with 
a low static pressure drop per filter and ground level installation. Model parameters were developed from 
a six-month long data set. The models were developed when the chamber was running with a new set of 
pre-filters and a set of five-month old v-bank filters. The developed models include a single input linear 
regression, multiple linear regression, and random forest models. A single input linear regression was not 
an effective method for predicting the chamber airflow, R2=0.08. The multiple linear regression 
moderately explained the variation in the data, R2=0.77. The random forest models performed the best for 
predicting the test chamber airflow with both models featuring R2= 0.98. The results and models from 
this study will be used to determine the feasibility of an on-farm application. 
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ABSTRACT. The implementation of air filters on commercial swine farms has effectively reduced the frequency of airborne 
disease transmission. However, efficiently managing filter lifespan remains a challenge and an unknown operational cost 
for filtered swine facilities. Individual filter testing protocols are time consuming and expensive for producers. The objective 
of this study was to develop a predictive model for estimating airflow for an individual filter in situ by comparing multiple 
machine learning models to eliminate the need for manual, individual filter testing for filter resistance. The data set was 
generated from a custom Air Filter Environmental Testing Chamber that mimics on farm operational conditions with a low 
static pressure drop per filter and ground level installation. Model parameters were developed from a six-month long data 
set. The models were developed when the chamber was running with a new set of pre-filters and a set of five-month old v-
bank filters. The developed models include a single input linear regression, multiple linear regression, and random forest 
models. A single input linear regression was not an effective method for predicting the chamber airflow, R2=0.08. The 
multiple linear regression moderately explained the variation in the data, R2=0.77. The random forest models  performed the 
best for predicting the test chamber airflow with both models featuring R2= 0.98. The results and models from this study 
will be used to determine the feasibility of an on-farm application. 
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Introduction 
Air filtration is a popular biosecurity practice in commercial swine production systems (Alonso, Murtaugh, et al., 2013; 
Ramirez & Zaabel, 2012). The reduced risk of airborne diseases, such as Porcine Reproductive and Respiratory Syndrome 
Virus (PRRSV), has justified the financial cost of air filtration(Alonso, Davies, et al., 2013). However, a commonly 
overlooked cost of air filtration is the long term operating costs associated with replacing the large number of air filters 
needed for ventilation rates on typical sow farms. Further, the unknown and variable life span of air filters makes predicting 
such costs challenging. The common approaches for managing filter lifespan are to perform routine filter replacement at a 
fixed interval or routinely test filters for the airflow rate at the design static pressure drop. Automatic filter end of life 
detection for swine farms is not currently available as the ventilation systems used are variable flowrate based. To address 
the need for automatic filter end of life filter detection, the objectives of this study were: 1) create a lab scale environmental 
filter testing chamber to generate ventilation system data and 2) fit different statistical and machine learning models to 
evaluate the ability to predict airflow through the test chamber. 
Methods 
Experimental Setp and Instrumentation 
To generate a data set for development of the statistical and machine learning models, a custom chamber was developed 
and built. The Environmental Air Filter Testing Chamber (EAFTC) was designed to house four pre-filter and v-bank filters 
(designated primary and secondary, respectively) and to operate these filters at the design pressure drop of 37 Pascals 
common in swine barns (figure 1). The EAFTC utilized a low pressure, high flow 0.61 m diameter axial fan to exchange air 
and a propeller based airflow measurement device for real-time airflow measurements (I-Fan and ATM, Fancom, Panningen, 
Netherlands). The fan flowrate was varied based on the temperature in the chamber. A commercial ventilation controller 
recorded data at a 1 minute interval, that is, static pressure drop across the filter and the fan, chamber temperature, fan control 
percentage, actual airflow as a percentage, and fan power consumption as kWh (Lumina 21, Fancom, Panningen, 
Netherlands). Fan RPM was measured using a contactless laser tachometer (Model ROS-W, Monach, Amherst, NH) with 
the output connected to a pulse count data logger (Model UX120-017, Onset, Bourne, MA). Relative humidity before and 
after the filter was measured using a transmitter (Model RHP-2022, Dwyer Instruements, INC, Michigan City, IN)connected 
to a data logger (Model UX120-4 channel analog, Onset, Bourne, MA)at 1 minute intervals. Weather data was collected 
from the nearest MESONET weather station (Boone, IA airport). Data was collected for a 6 month period (March 2019 to 
September 2019). 
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Figure 1 Environmental Air Filter Testing Chamber diagram. Note the diagram is not to scale. 
Data Preprocessing 
Data processing and modeling was performed using Python 3.7 (Python Software Foundation) with IPython notebooks 
(Project Jupyter, 2015). The multiple data streams were combined and the missing data points were filled using the following 
methods: missing RPM values, interpolation method from the neighboring points and; missing relative humidity, single 
input linear regression between the weather station value and the chamber values.   
Statistical and Machine Learning Models  
Four different models were developed starting with linear regressions and then random forest models. All models were 
built using the SK Learn package in Python. For the evaluating the effectiveness on the model, the coefficient of 
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determination (R2) was compared for all models. Models with R2 values greater than 0.70, the root mean square error 
(RMSE) was compared as a measure of the model prediction error. 
Single Linear Regression  
A linear regression model consisted of the static pressure drop across the filters as the predictor variable and the chamber 
airflow rate as the response variable. This model was selected based on the use of filter static pressure drop in commercial 
HVAC systems as the filter end of life predictor variable. All data in the data set were utilized to develop the model. 
Multiple Linear Regression 
A multiple linear regression model was built with eight input variables to predict the chamber airflow (table 1). All data in 
the data set were utilized to develop this rate. 
 
Table 1Input variables used to develop the multiple linear regression model and both random forest models.. 
Variable Initial Random Forest Model Modified Random Forest Model 
Fan Wattage (W) Fan Wattage (W) Fan static pressure drop (Pa) 
Fan static pressure drop (Pa) Fan static pressure drop (Pa) Filter static pressure drop (Pa) 
Filter static pressure drop (Pa) Filter static pressure drop (Pa) Wind Direction (degrees) 
RPM of the fan RPM of the fan Wind speed (km hr-1) 
Wind Direction (degrees) Wind Direction (degrees) Ambient dry-bulb temperature (°C) 
Wind speed (km hr-1) Wind speed (km hr-1) Ambient Dew Point temperature (°C) 
Ambient dry-bulb temperature (°C) Ambient dry-bulb temperature (°C)  
Ambient Dew Point temperature (°C) Ambient Dew Point temperature (°C)  
 
Random Forest Model Development 
The next models were random forest models, this was selected based visualization of the data set and the results of the 
multiple linear regression. The data set was spilt into training and testing (75% and 25%, respectively). The first random 
forest model included all parameters collected from EAFTC, while the second model utilized only the factors with 
importance collected from EAFTC and that were deemed simple to monitor on a commercial site (table 1). Each model was 
built using 1,000 estimators. 
Results 
The final data set included 296,458 readings from the 6 month timespan from EAFTC.  
Single Linear Regression 
A single linear regression was found to be an ineffective model for predicting the airflow through the chamber (figure 2). 
The resulting R2 value for the model was 0.08. The lack of ability to predict the variability in the data is due to the nature of 
the ventilation system itself. The variable airflow ventilation system and the direct exposure to wind is where the variability 
in the filter static pressure drop stems from.  
 
                                      
Figure 2. Filter bank static pressure drop in Pascals (x-axis) vs. test chamber ventilation rate in m3 hr-1 (y-axis) from the EAFTC. 
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Multiple Linear Regression 
The multiple linear regression was moderately successful at predicting the chamber airflow. The resulting R2 value was 
0.77 and the resulting RMSE was 238 cfm or 59.5 cfm per filter. While the model was moderately effective of explaining 
the variance in the data. Though the error in the model is significantly higher than what is expected of common air filter 
testing methods. For example, a custom air filter testing duct designed for the application of filters on swine farms resulted 
in a maximum error of 10 cfm at a flow rate of 202 cfm (Smith et al., 2019). With the low flowrates that are expected in 
swine barn ventilation during winter months makes this multiple linear regression unacceptable as the error represents a 
majority of the airflow per filter. 
Random Forest Models 
The Random Forest (RF) model trained with all parameters was effective at predicting the chamber airflow. The resulting 
R2 value was 0.98 with the RMSE at 65.40 cfm or 16.35 cfm per filter. The training time for the model was significant (over 
30 minutes). The RF model trained with the select parameters resulted in similar performance to the initial RF model. The 
R2 value was 0.98 with the RMSE at 65.74 cfm or 16.43 cfm per filter. The training time was slightly less than the full 
model. The similar performance of both models is due to the few importance factors that the RF models focus on. The key 
factors, in order of importance from highest to lowest, are filter static pressure drop, fan static pressure drop, ambient dry-
bulb temperature, wind direction, wind speed, and ambient dew point temperature. The values that were deemed too complex 
to monitor on a commercial scale were not registering a significant importance within the RF model, explaining the similar 
error found for each model. 
Conclusions 
Data was generated from an Environmental Air Filter Testing Chamber over a period of six months for the development 
of an airflow prediction model. Four different models were developed, linear regression, multiple linear regression, and two 
Random Forest (RF) models. The linear regression model utilizing the filter static pressure drop was not effective for 
predicting the chamber airflow. The multiple linear regression was moderately effective, but the error associated with the 
model was too high to be applicable for an application in this scenario. The RF models were the most effective with the 
lowest error. The application of the selected parameter models shows promising results for future development and 
application of a model for real time air filter lifespan prediction. 
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